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Introduction
It seems fair to describe Ireland's recent macroeconomic experience as a roller-coaster That is the question which this paper addresses. We examine developments in income poverty over the period using nationally representative micro data.
We also analyse developments in self-assessed health using the approach pioneered by Allinson and Foster (2004) and finally, acknowledging that poverty may be regarded as a multi-dimensional phenomenon, we apply sequential stochastic dominance to analyse income and health poverty together.
Before describing the overall layout of the paper, it is useful to review some other work in the area. The evidence appears to be that since the onset of the crisis in 2008, budgetary policy at least has, in relative terms, been progressive. Callan et al (2013) provide a review of developments in overall income inequality for the 2003-2011 period and also examine the specific contribution of budgetary policy. They find that overall inequality has changed very little over a long period (from 1994 up to the current period) and this also applies to the more recent recession. However they also find a drop in inequality specifically in 2009, which was reversed almost immediately in 2010. Over the recession period of [2008] [2009] [2010] [2011] they find that budgetary policy has been broadly progressive with greater reductions in incomes for those in the upper half of the distribution and within that half, greater reductions again for the better-off. Developments in the lower half of the income distribution are driven to a large extent by the degree to which old-age pensions have not been cut during the recession, which has relatively favoured those in the 2 nd and 3 rd deciles of the distribution. The main focus of Callan et al's analysis is developments in inequality but they also provide some data on changes in poverty and their results are consistent with our findings below.
Callan, Nolan and Maitre (2011) look at the Irish experience with respect to distribution of
household income during what they term the Great Recession (i.e. the downturn from about
onwards). They conclude that while the macro figures as illustrated in table 1 mark
Ireland out as one of the countries most affected by the downturn, in relative terms the principal part of the burden has fallen on higher income groups. They also point out that, in common with other OECD countries, though to a more pronounced extent, the impact of the recession on the household sector was considerably less than on the economy as a whole, with the company sector bearing the brunt. The combination of falling average incomes with a greater impact on richer households meant that relative poverty, as measured by the fraction below 60 per cent of median income, fell quite substantially between 2007 and 2009 . Of course in the same way that a relative poverty measure can be misleading in times of rapid economic growth (where it can understate improvements in living standards), so too it can be misleading at a time of economic contraction. This is because relative poverty rates can fall even though overall living standards are also falling. Poverty measures based upon an absolute poverty line (i.e. fixed in real terms and not expressed as a fraction of a measure of central tendency) can give quite a different picture, and this is explored in more detail below.
The main conclusion of the Callan, Nolan and Maitre paper is that the initial budgetary responses to the recession and the fiscal deficit in Ireland were mainly concentrated on higher taxes. Since many in the lower part of the income distribution do not pay tax, in relative terms this impacted more on the better-off. The same was true of the pension levy charged on public sector workers and the public sector paycuts, since most public sector workers are in the middle or upper part of the income distribution. Going into 2011 and 2012 the focus of adjustment turned to social welfare payments. While reductions in these payments would be expected to have a greater impact further down the income distribution, Callan, Nolan and Maitre speculated that, even allowing for this, in broad terms the recession would still have had an equalising effect on household incomes. As we have more recent data at our disposal, we explore this later on in the paper.
In a further contribution in this area Nolan et al (2012) It should be noted that deferral is not the same as exemption and that it must be assumed that at some stage the tax will be paid. Thus while timing of payment does complicate distributional analysis, it does seem fair to conclude that the impact of the combined measures of the 2013 budget was regressive. Those households who fared relatively the worst were those with children (reflecting changes in child benefit).
The layout of this paper is as follows: in section 2 we describe the income poverty and health measures we use as well as the approach of sequential stochastic dominance. In section 3 we discuss our data and present results, while section 4 offers some concluding comments.
Unidimensional and Multidimensional Poverty
The last ten years or so has seen substantial developments in the measurement of intersection approach). However, this dichotomy has been criticised on the basis that the union approach leads to "too many" being classified as poor, whereas the intersection approach (particularly as the number of dimensions increases) leads to too few (see Lustig, 2011) . One of the more influential recent contributions is that of Alkire and Foster (2011) which provides multidimensional indices of which the union and intersection approaches are special cases. Ravallion (2010) in contrast has questioned the need for multidimensional indices at all and suggests instead a "dashboard" of multiple indices. A review of this literature which advocates an eclectic approach can be found in Ferreira and Lugo (2012).
Our approach in this paper is to first of all search for robust income and health poverty orderings in one dimension. In the case of health, given that our health measure is ordinal and categorical, we will instead be looking for dominance relationships across the whole of the health distribution, following the approach of Allinson and Foster (2004) . We then look for sequential poverty dominance following the approach of Duclos and Makdissi (2009) and Duclos and Echevin (2011) . Sequential poverty dominance is suited to finding robust poverty orderings in two dimensions when one of the dimensions is an ordered categorical measure. Essentially it involves looking for income poverty dominance between two periods for that group with poorest health, followed by a search for dominance for the two poorest groups and so on. Along the way we also provide evidence on standard poverty indices and we also investigate the correlation between health and income for those who are poor and non-poor..
Univariate Poverty Dominance
We now give a brief account of dominance in the areas of income poverty and health, followed by an account of sequential dominance. We will first briefly run through the analysis of poverty dominance for the single dimension of income (or whatever measure of household resources we are using). Let x be the measure of household resources and let z be the poverty line. Following the exposition in Duclos et al (2006) , when dealing with poverty in a single dimension the stochastic dominance curve for x is given by
where F(x) is the cumulative distribution of x. For first order stochastic dominance, poverty does not increase for any possible choice of z when moving from a distribution A to a distribution B, if the incidence of poverty under distribution A is never greater than under distribution B (i.e. where α=0). If this condition for first order dominance is not met, then second order dominance (α=1) may be investigated which requires that normalised poverty deficits should not increase for any possible choice of z when moving from A to B. Thus, in general, orders of dominance s=α+1 can be examined. It is also possible to search for dominance over a more restricted range of poverty lines.
Health Dominance
The approach in the previous section is suitable when the variable x is cardinal. However, when dealing with health, very often a cardinal measure will not be available. More typically, measures which address general health may come in the form of an ordered, categorical self-assessment of health. In that instance the analyst has two choices: either to employ a dominance approach which is specifically designed to deal with ordered categorical data, or else to transform the ordered measure into a cardinal measure. The transformation of ordered categorical data into cardinal data has been discussed extensively by Van Doorslaer and Jones (2003) , but as Madden (2010) points out, results obtained can be sensitive to the approach adopted.
As we wish to retain our data in its original, ordered categorical format, we choose to adopt a dominance approach specifically designed to deal with this sort of data, the approach of Allinson and Foster (2004) , henceforth AF. While this approach has the advantage of being specifically designed to deal with ordered categorical data, it carries a disadvantage in that it is ill-equipped to deal with poverty dominance. This is because of the difficulty in identifying a poverty line for categorical data. Thus the AF approach could be best described as a welfare dominance (with respect to health) approach.
The measure of self-assessed health we have is the following: individuals answer a question of the form: what is your general health status? The possible answers are: very bad, bad, fair, good and very good. While this measure appears to give a good indicator of overall health (Idler and Benyamini, 1997) it is not cardinal, and with only five categories, it is not suited to the application of standard poverty and inequality indices. This is because standard measures of the spread of a distribution which use the mean as a reference point, such as the Gini, are inappropriate when dealing with categorical data, since the inequality ordering will not be independent of the (arbitrarily chosen) scale applied to the different categories. In this instance a more appropriate reference point is the median category and the cumulative proportions of the population in each category is the foundation of the AF analysis of dominance and inequality with categorical data. This is because while changes in the scale used will affect the width of the steps of the cumulative distribution, the height of the cumulative distribution is invariant to the choice of scale, thus providing the crucial property of scale independence.
Thus suppose we have a measure of SAH with n different categories which can be clearly ordered 1,…, n. Let m denote the median category and let P and Q denote two cumulative distributions of SAH with i P and i Q indicating the cumulative proportion of the population in category i, in each distribution, where i=1, …, n. In this case distribution P will dominate distribution Q if the cumulative frequency at each point on the ordinal scale (as we go from lower to higher) is always higher in Q than in P. This is equivalent to the first order stochastic dominance condition referred to above. For a recent example of application of this approach to a comparison of SAH between different social classes, see Dias (2009) .
AF also provide a partial inequality ordering based on a median-preserving spread of the distribution (analogous to the partial ordering based on a mean preserving spread provided by say a Lorenz comparison). For the case where both P and Q have identical median states m then P has less inequality than Q if for all categories
. What this is effectively saying is that distribution Q could be obtained from distribution P via a sequence of median-preserving spreads.
In section 3 we will present results for health and health inequality dominance using the AF approach. Before that we give a brief account of sequential poverty dominance.
Sequential Poverty Dominance
In terms of producing poverty indices, multidimensional analysis works best when attributes can be measured cardinally. Unfortunately, in some cases, one or more attributes are not available on a cardinal basis. As discussed above general health measures are usually only available on an ordinal basis, such as measures of self-assessed health. Since these measures typically give health status on the basis of a discrete number of categories e.g. very good, good, fair, bad, very bad, there is a clear ranking and it is this clear ranking which permits the application of multidimensional analysis to situations where one of the attributes is ordinal in nature.
Following the exposition in Duclos and Makdissi (2009) suppose that the population can be divided into K mutually exclusive and exhaustive subgroups with population share defined by
The subgroups could be defined over a wide range of characteristics but what is most important is that, for a given measure of the continuous attribute (income), certain groups can be reasonably viewed as having lower overall wellbeing than others. Thus, for a given level of income, an individual with, say zero literacy, has lower overall well-being than someone with 100% literacy, or someone with "very bad" health has lower well-being than someone with "very good" health. 4 We assume that, for given alternative indicators of well-being, that the K subgroups can be ordered in decreasing value of needs, so that group 1 has greater needs than group 2 etc. Assuming that the poverty indices are additive then poverty in the groups can be denoted as
Note that it is possible that responses to the self-assessed health question may differ systematically, so that, for example, an older person may view a given health state as "very good" while a younger person might view it only as "good". This issue is typically addressed via anchoring vignettes and is beyond the scope of this paper. For a general discussion, see King and Wand (2007 
The poverty lines for the different subgroups can be ordered as follows:
i.e. the poverty line for the most needy group must always be at least as great as that for the next most needy group and so on (in the application below, we assume the same income poverty line for each group). For first-order dominance then we need an ordering of the firstorder derivatives of ) (x k  with respect to x, which is denoted as ) (
What this essentially says is that poverty is effectively decreasing in income and the decrease in poverty following a one unit increase in income must be at least as great for the most needy group as it is for the next most needy group and so on.
In the case of continuous poverty indices we assume that the derivatives of the functions 
then includes all of the P indices which satisfy the assumptions that
Duclos and Makdissi (2009) then establish the following condition for first order poverty dominance for heterogenous populations:
What this condition effectively requires is that if we start off with the neediest group (k=1) then for dominance to hold for distribution A over distribution B we first require that the headcount for this group should be higher in distribution A compared to B. We then require that the cumulative headcount for the two neediest groups (k=1,2) should be higher in A than B and so on. Thus the sequential cumulative headcount for all groups up to where we reach group K should be higher for A compared to B, where the sequence is carried out starting with the neediest group etc. Note that it does not require that each subgroup k have more poverty independently in A. Poverty for, say, group 3, could be lower in A compared to B, as long as cumulative poverty for groups 1-3 is higher in A. For a recent application of this to health and income data from Canada and the US, see Duclos and Echevin (2011).
For our example here we investigate income poverty for 2003 through to 2011 where the population is partitioned into four groups on the basis of self-assessed health. Even though we have five categories of self-assessed health, as the fraction of the population reporting "very bad" health is so small (typically less than 1%), we combine the two lowest categories.
Data and Results
Our data comes from nine consecutive cross-sectional surveys (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) As our income measure we use equivalised income after social transfers, using the EU definition of income (details of this measure are included in the appendix) and the modified OECD equivalence scale (1.0 for first adult, 0.5 for subsequent adults and 0.3 for children aged less than 14). The ordinal health measure we use is based on responses to a question concerning self-assessed health. The self-assessed health question asks: "in general, how good would you say your health is?" The possible answers are: very bad, bad, fair, good and very good. We confine our analysis to those aged 16 and over, as the health question was not put to those aged younger than 16. This reduces our sample size by around 2000-3000 each year. Average incomes are slightly higher for the reduced sample, and while the moments of the distributions appear to be quite close together, the Kolmogorov-Smirnov tests for equality of distributions rejects the null for each year. 6 However, when we analyse the FGT P α poverty indices for income only for the two samples, the trends over time are practically identical. On balance we do not believe that our qualitative results are greatly affected by working with the smaller sample, and if we wish to include health in our poverty analysis, then unfortunately we have no other option.
In table 2 we provide summary statistics for the frequencies of the categories of self assessed health and for mean equivalised income. Equivalised income is presented in 2010 prices.
Note that in order to remove the influence of outliers we trim the data of the top and bottom 0.5% (by non-equivalised income). Table 2 
Health Dominance
The position with respect to self-assessed health is a little more complicated. Between 2003 and 2011 the fraction declaring very good health dropped from just under 47% to just under 40%. For the most part this has been offset by an increase in the fraction declaring good health. However as explained above, unless dominance is observed, it is not possible to state that health has improved, without assigning an arbitrary scale to each health category. In   table 3 we present a grid which shows whether dominance applies. As the frequencies in the category "very bad" are so small, we combine the two lowest categories together. Recall that if year A stochastically dominates year B then the cumulative frequency for year B at each point on the ordinal scale (as we go from lower to higher) is always higher in B than in A.
Note also that entries which are above the main diagonal indicate a situation where the earlier year (the row year) dominates the later one (the column year), while entries below the diagonal indicate where the later year dominates the earlier one. In table 3 What is also noticeable is that health inequality did not increase as the recession began, as is 
Poverty Dominance -Fixed Poverty Line
What about poverty dominance in the area of income? We will first of all look at the case where the poverty line is fixed in real purchasing power terms. We now need to fix what we could view as a "reasonable" range for the poverty line to lie within. We chose a range from zero to 80% of median equivalised income for the year when equivalised income was highest (2007), noting that a typical value for a poverty line is 50-60% of median equivalised income.
That gives a figure (in 2010 prices) of just over €170. We use the "dompov" command from the DASP package of Arrar and Duclos (2012) and provided we observe dominance for one distribution over another up to the upper limit of our poverty line, we regard that as poverty dominance.
Once again we analyse this using a grid. Table 4 shows the grid for poverty dominance. If poverty is declining over time, then we expect to see entries below the main diagonal. We use "F" to indicate first order dominance and "S" to indicate second order dominance. We Note that we indicate a number of entries as F*. By this we mean that poverty dominance applies across the range of income up to the poverty line except for a crossing at very low levels of income (below the first percentile), crossings which we believe are more likely to reflect measurement error rather than genuine crossings of the poverty incidence curves. We also include a category which we label WF which indicates weak first order dominance. This is the situation where the difference between poverty incidence curves was not statistically significant over some part of our poverty range, but that it was statistically significant over another part. We do not observe dominance if either there is no part of the poverty range where there is a statistically significant difference or if over our range we observe two (or more) instances of a statistically significant difference but of opposite sign (this is essentially the criterion suggested by Bishop et al, 1991) . Thus to summarise so far in terms of univariate analysis: income poverty falls consistently up to and including 2009 and this is reversed in 2010 and 2011. Thus for the early part of the recession at least the evidence is that income poverty does not rise. Owing to the categorical nature of self-assessed health it is more difficult to come to any definitive conclusion here.
There is a fall in the proportion reporting very good health. However there are also falls in the proportions reporting very bad and bad health. The proportions involved moving out of the lowest two categories are quite small compared to those moving out of the highest category, so unless there was a considerably higher weight attached to the improvements in health in the lower categories, the likelihood is that most scales would probably record a deterioration in health, although most of that deterioration had occurred by 2006. What also seems clear is that since about 2007 there has been a reduction in health inequality.
Sequential Poverty Dominance
We now move on to sequential poverty dominance for income and health. Recall that this involves looking for income poverty dominance between two years for the most needy group, followed by looking for dominance for the two neediest groups, then the three neediest groups and so on. In our case we identify "needy" with self-assessed health. However as indicated above, since the proportions in the neediest group (very bad health) are so small, typically less than one per cent, we combine the two lowest health categories. Thus our neediest group is those with very bad and bad health, the next neediest is those with fair health and so on.
As before, we present our dominance results in Figure 1 shows the difference in poverty incidence curves (along with 95% confidence intervals) between the two years. As can be seen, the difference is negative ( change which is significant at the 10% level).
Multidimensional Poverty Indices
As a complement to the sequential analysis above, we also calculate multidimensional poverty indices. As discussed above an important issue in the choice of index is whether to adopt an intersection or union approach. The advantage of the Alkire and Foster (2011) methodology is that the union and intersection choices are extreme cases of a more general approach, and a compromise or intermediate position is possible. If we have m possible dimensions of poverty then the compromise involves counting poverty in k dimensions where k lies between one (a union approach) and m (an intersection approach). However, when working with only two dimensions, no such k exists and so it is easier to present results for both the union and intersection approaches. Bearing in mind also the criticisms of Ravallion (2010), in addition we present results showing the degree of dependency between the distributions of health and income. Given that we have already provided information on the marginal distributions of health and income, information on the dependence between these distributions could be regarded as constituting the final element in the "dashboard" (see Ferreira and Lugo, 2010) . Table 8 gives the headcount poverty rates for both intersection and union approaches for the period 2003-2011. Note we only present headcount measures as gap or weighted gap measures would not be appropriate given that our health measure has no cardinal interpretation. We also include two different income poverty lines, one representing a fixed amount in real purchasing power (60% of median 2007 income), and the other simply 60% of median income of the year in question. There is also a choice to be made concerning the health poverty line. Given the classifications available the two obvious candidates are those with health less than or equal to "bad health" or the category of "fair health".
For the fixed income poverty line and intersection approach we observe sharp declines in poverty up to and including about 2009. We then see a levelling out for the lower of the health poverty lines (HPov=3) but an increase for the higher of the lines (HPov=4). This suggests an increase in income poverty for those with health in the "fair health" category.
The union approach sees quite a sharp pick-up in poverty from 2010. Given the parallel movement in income poverty it seems likely that people who previously had neither income nor health poverty may now be falling into income poverty.
Results for the relative income poverty line are quite similar, except in the intersection case with the higher health poverty line, where multidimensional poverty continues falling through 2010 and 2011. What this seems to indicate is that the increase in relative income poverty which occurred between 2009 and 2011 was more concentrated amongst the more healthy, since the intersection measure shows a fall between the two years, suggesting that the households who moved into income poverty (as evidenced by table 6) were not, for the most part, households which were health poor.
We further explore this issue by looking at FGT poverty indices for each health grouping.
One of the attractive features of the FGT index is that if the population can be decomposed into mutually exclusive and exhaustive subgroups then any of the FGT indices can be expressed as the population weighted sum of the FGT indices for each subgroup. We divide our population into four subgroups corresponding to the self-assessed health categories (where once again we combine the categories "bad" and "very bad"). A correlation between health and income poverty would suggest that the FGT index for the less healthy subgroups should be higher than for the more healthy subgroups. Figures 3-5 show the FGT P α measures for α=0, 1, 2 for the four subgroups. As expected the index is higher for the less healthy groups, but what is also noticeable is how the difference in the indices between the subgroups has been narrowing over the years. This further confirms the conjecture that the correlation between health and income poverty is weakening.
As a final check on this weakening correlation between health and income poverty, in table 9 we present measures of dependence between income and health. The measures we use are the polyserial correlation coefficient, the Spearman rank correlation coefficient and the 
Summary and Conclusions
We have presented quite a lot of results in the previous section, so it is useful to try to draw together our conclusions so far. Looking at the univariate analysis, we see that income Turning now to the bi-dimensional analysis, the dominance analysis for the most part mirrors what happened with univariate income poverty analysis. Once again this is consistent with a situation where developments in health have been less dramatic. Perhaps the most interesting development in this area has been the reduced correlation between income and health over the period, both for the population as a whole and also for those experiencing health and income poverty. Part of this can be explained by the experience of the 65 years and over age group, but only part. It is possible that developments in health will eventually follow those in income with a lag (though it is likely that causality runs both ways). It is also possible that budgetary changes which affect the provision of health care will also feed into health over time and that this may have different impacts across the income distribution. For the present however, given this apparent decoupling, the likelihood is that developments in bivariate poverty will for the most part be driven by developments in income poverty. Difference between FGT curves
